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The widespread use of digital mammography devices has led to the need to evaluate whether they enable better diagnostic performance as compared with conventional screen-film devices. Comparative studies of both modalities have yielded encouraging results that promise the implementation of digital technology in mammography in the near future (1) (2) (3) (4) (5) (6) (7) . However, high-spatial-resolution digital images in medicine tend to be large, which increases the processing and transmission times, the storage capacities needed, and the total costs associated with digital images. For instance, to preserve small or low-contrast lesions, such as clusters of microcalcifications or masses (the most frequent radiologic features of subtle breast cancer), a typical mammogram has to be digitized at a resolution of 50-m spot size at 12 bits, resulting in approximately 40 MB of digital data (8 -10) . Given the current breast cancer screening guidelines of the American Cancer Society, the annual volume could exceed 5.6 petabytes. These demands create important challenges to the widespread adoption of digital mammography and have also hindered the use of computer-aided detection in breast cancer (11, 12) . Image compression provides a possible solution to this problem.
To substantially affect these storage and transmission costs, compression ratios higher than 10:1 are required, which implies the utilization of irreversible ("lossy") compression methods. There is a need to study the level of compression that can be used without resulting in clinically relevant diagnostic degradation. Previous studies in mammography have evaluated irreversible compression methods by determining their effects on computer-aided detection systems or radiologists' performance. Good et al (13) applied the original Joint Photographic Experts Group (JPEG) algorithm to 60 digitized mammograms and evaluated the performance of eight observers in the detection of masses and clusters of microcalcifications with receiver operating characteristic (ROC) analysis. Zheng et al (14) assessed the performance of a computer-aided detection system in the detection of breast cancer in 952 digitized mammograms after JPEG compression. Both groups of investigators have reported no statistical difference in results for detecting masses, but a significant difference was found for the detection of clusters of microcalcifications when images compressed at about 100:1 were used.
As wavelet transform emerged as a more effective image-compression technique than JPEG, reports of other evaluation studies that applied wavelet-based methods, including the new JPEG2000 standard, appeared in the literature. Kocsis et al (15) assessed the detection of clusters of microcalcifications in 68 digital mammograms compressed with a public-domain wavelet-based method.
With an ROC study involving four observers, they demonstrated that a visually lossless threshold occurred at a 40:1 compression ratio. Perlmutter et al (16) used 57 digitized mammograms compressed with the set partitioning in hierarchical trees (SPIHT) algorithm, a widely known wavelet-based compression method. They assessed whether the use of lossy compression resulted in patient care decisions that were different from those that resulted from the use of uncompressed images. Their study revealed no statistically significant differences between analog or digitized original mammograms and mammograms compressed at an 80:1 compression ratio. Sung et al (17) assessed JPEG2000 at several compression ratios in 20 low-spatial-resolution mammograms digitized at 8 bits per pixel. They concluded that there were no differences in lesion detectability with ratios up to 20:1. Suryanarayanan et al (18) investigated the effect of JPEG2000 with 10 contrast-detail phantoms containing circular gold disks of different diameters (0.1-3.2 mm) and thicknesses (0.05-1.6 m). The phantoms were used in a clinical full-field digital mammography system, and the resulting images were compressed at different ratios (10:1, 20:1, and 30:1). Suryanarayanan et al included seven observers in the study and found no significant differences in perception up to 20:1, except for the disks that were 1 mm in diameter.
Recently, region-of-interest coding techniques have emerged as particularly suitable techniques for medical imaging. Such methods provide the possibility of adjusting the compression ratio to the clinical content of a region, so that regions with high diagnostic relevance are compressed at lower compression ratios (ie, with better quality) than the rest of the image. An evaluation of a region of interest-based modification of the SPIHT method that was adapted to digital mammography (called object-based SPIHT) revealed an improvement in compression efficiency as compared with original SPIHT or JPEG2000 (19) .
The purpose of our study was to assess the effects of use of two irreversible wavelet-based compression algorithms (JPEG2000 and object-based SPIHT) at 40:1 and 80:1 compression ratios on the detection of clusters of microcalcifications and masses on digitized mammograms.
MATERIALS AND METHODS

Image Selection and Digitization
A total of 112 conventional mammograms that included craniocaudal and lateral views and had been obtained in 60 patients (age range, 25-79 years) were used in this study. The images were collected from among images obtained as part of the daily clinical caseload of the Department of Radiology of the Hospital Clínico Universitario de Galicia, University of Santiago de Compostela, Santiago de Compostela, Spain. The institutional review board of the hospital approved the use of the images in this retrospective image-collection study. Informed consent was not required. Of the 112 mammograms, 28 contained one or two clusters of microcalcifications, 19 contained one mass, 17 contained both abnormal findings, and 48 contained normal findings. In total, there were 54 clusters of microcalcifications (32 of which were found to be malignant) and 36 masses (24 of which were found to be malignant), all of which were biopsy proved.
The selection criterion for abnormal mammograms was that they showed clusters of microcalcifications (with more than five microcalcifications smaller than 1 mm within a region 1 cm 2 in area) and/or masses (with irregular shapes and ill-defined or spiculated margins) but excluded obvious findings. The subtlety of the radiographic findings was rated subjectively by a radiologist (M.S.) with 10 years of experience in mammography who was not included as a reader in the study by using a four-level scale (obvious, relatively obvious, subtle, and very subtle). Two of the clusters were ranked as obvious to detect, 21 as relatively obvious, 23 as subtle, and eight as very subtle; nine of the masses were ranked as obvious to detect, three as relatively obvious, 16 as subtle, and eight as very subtle. After reviewing each patient's radiology and pathology reports, this radiologist also established the location of the center of each finding and its extent (the latter was recorded as the coordinates of the smallest rectangle that contained the finding). These values were stored in a "ground truth file" and were used in the observer performance study. All images were digitized with a commercially avail- 
Image Compression, Decompression, and Printing Methods
Each digitized mammogram was compressed at 40:1 and 80:1 and then decompressed by using two waveletbased methods: the standard JPEG2000 method applied to the full image and an object-based implementation of the SPIHT algorithm-called object-based SPIHT-applied to the mammogram region. JPEG2000 and object-based SPIHT provide progressive transmission of images, which makes these compression methods suitable for applications such as telemammography. Both methods use the Daubechies 9 -7 biorthogonal wavelet filters.
Standard JPEG2000 Technique
JPEG2000, developed by the JPEG (20, 21) , is the emerging standard for still image compression. This standard was developed to provide features that the old JPEG standard (22) did not provide, such as control of the compression ratio, progressive lossy to lossless coding and decoding, multiresolution representation, error resilience, and regionof-interest encoding. In JPEG2000, region-of-interest-based compression is performed by prioritizing the coding of the information associated with the desired region. However, software implementations of the JPEG2000 region-ofinterest operation mode allow the use of only rectangular or circular region shapes. The JasPer codec (coder/decoder) software implementation of JPEG2000 developed by Image Power and the University of British Columbia (both in Vancouver, British Columbia, Canada) was used in this study (20) .
Object-based SPIHT Technique
SPIHT is a state-of-the art image compression technique developed by Said and Pearlman (23) . It has been previously applied in lossy compression of medical images (16, 24) . In our study, the objectbased SPIHT coding method, an objectbased extension of the SPIHT, was used for compressing and decompressing the digitized mammograms. This region-ofinterest encoding method is specifically adapted for digital mammography and has previously been described in detail (19) . Briefly, a border-detection technique segments the mammogram into the tissue area and the nontissue image background. Then, as part of a texture coding method, a region-based discrete wavelet transform is applied only to the tissue area, decomposing it into wavelet coefficients. Finally, object-based SPIHT permits exclusion from the wavelet coefficients of information that is associated with pixels outside the breast region. This method also provides the possibility of encoding multiple arbitrarily shaped regions of interest at any desired compression level.
After reconstruction, a total set of 560 digital mammograms at five compression levels was obtained: 112 original (uncompressed) mammograms, 112 mammograms compressed at 40:1 with JPEG2000, 112 mammograms compressed at 80:1 with JPEG2000, 112 mammograms compressed at 40:1 with object-based SPIHT, and 112 mammograms compressed at 80:1 with object-based SPIHT. All images were printed to film with a high-spatialresolution Digital Imaging and Communications in Medicine, or DICOM, printer (SCOPIX LR5200-P; Agfa-Gevaert, Mortsel, Belgium). A lookup table was applied to the images to compensate for existing differences in calibration between the digitizer and the DICOM printer. Matching between hard-copy digitized images and analog original images was validated both visually and through optical densitometric measurements by a radiologist (M.S.) and a physicist (M.P.).
Observer Performance Study
The 560 images were randomly assigned to 16 reading sets, avoiding repetition of any image within the same set. Five radiologists (J.M.C., J.V., G.P., C.S., J.J.V.) with mammography experience that ranged from 10 to 12 years participated in the study and reviewed all images. All images were viewed on a standard light box in conditions of low ambient lighting, and readers could use a magnifying glass. Image sets and images within each set were presented in a different random order for each observer. The observers were told that the mammograms were negative or showed at least one lesion (ie, a mass or a cluster of microcalcifications [defined as five or more specks within a region 1 cm 2 in area]) that was sampled for biopsy.
The free-response ROC (FROC) data collection and scoring paradigm has been described elsewhere (25) (26) (27) . Briefly, FROC data consist of mark-rating pairs, where the number of marks per image is determined by the reader and could be zero. A mark is a location on an image where the observer has perceived a possible lesion, and the rating is the corresponding confidence level. In this study, observers were required to identify the location of perceived clusters of microcalcifications or masses by indicating the smallest rectangle containing the finding. For each perceived lesion they also recorded a confidence level for the finding by using a four-point rating scale (definite, probable, possible, and questionable). These terms were more fully defined, respectively, as confidence levels of 4 (radiographic finding present with more than 95% probability), 3 (finding present with more than 75% but less than or equal to 95% probability), 2 (finding present with more than 50% but less than or equal to 75% probability), and 1 (finding present with less than or equal to 50% probability).
Because an observer saw each image five times during the study (as the original uncompressed and four compressed versions), a time limit of 20 seconds per image was imposed to minimize learning effects. An assistant recorded each observer's responses and removed the images from the light box when the time limit was exceeded. To further reduce learning effects, at least 1 week had to have elapsed between each reading session.
To classify the observers' location responses into true-and false-positive observations, we used previously described criteria (28)-namely, when the intersection of the observer-indicated lesion extent and the true lesion extent (as recorded in the "ground truth file") was greater than 50%, the mark was classified as a true-positive mark. Any mark that did not comply with this requirement was classified as a false-positive mark. For the purpose of analyzing the data, unmarked lesions and normal images with no false-positive marks both received 0 ratings.
Statistical Analysis
The multireader multicase FROC data set, which consisted of true-positive or false-positive ratings that originated from 2800 observations (five types of images times five readers times 112 images), was analyzed with a recently introduced jackknife FROC method (29) . The essential differences between the ROC and the jackknife FROC methods reside in the Like its multireader multicase ROC counterpart, a multireader multicase FROC data set is analyzed in two steps involving (a) the generation of pseudovalues and (b) analysis of the pseudovalues with an analysis of variance model. In an ROC study, each image interpretation yields a single rating, and the figure of merit, the area under the ROC curve, or A z , is the probability that an abnormal image rating exceeds a normal image rating. The calculation of pseudovalues involves removal of each image from the data set one at a time, recalculation of the figure of merit, and determination of the effect of the removal of the image on the figure of merit. In the case of jackknife FROC, each image interpretation yields varying numbers of mark-rating pairs, a localization criterion is applied to classify each mark as true-or false-positive, and the figure of merit is defined as the probability that a lesion rating exceeds all false-positive ratings.
Although false-positive ratings can occur on abnormal images, they are ignored in the present analysis because otherwise the method would have the wrong statistical behavior (29) . Omitting the false-positive responses on the abnormal images corrects this problem but at the expense of some loss in statistical power. Because the multiple responses involved in each image interpretation are reduced to a single pseudovalue, jackknife FROC analysis avoids the need to make assumptions of independence between events on the same image, thereby addressing concerns (31,32) with earlier kinds of FROC analysis (26, 27 ). An F test is used internal to the analysis of variance, yielding a P value for rejecting the null hypothesis of no difference between the modalities. If the observed P value is smaller than 5%, the null hypothesis is rejected. Appendix A describes a procedure for calculating the confidence intervals for the observed intermodality differences in the jackknife FROC figures of merit. A statement of the confidence interval is equivalent to a statement of the statistical power of the study (see Appendix A) (33 (Tables 1-3) .
Jackknife FROC analysis indicated that differences between the five types of image were insignificant at the 5% level for the detection of clusters of microcalcifications (F ϭ 0.255, P ϭ .903), masses (F ϭ 0.340, P ϭ .848), and both radiographic findings (F ϭ 0.122, P ϭ .975). These results are consistent with results of visual examination of representative images, which reveal that radiographic findings such as clusters of microcalcifications and masses are well preserved with JPEG2000 and object-based SPIHT, even at compression ratios of 80:1 (Figs 1, 2) . For any given level of compression, the FROC figure of merit was smaller when both findings were included than when they were analyzed separately. For example, for the uncompressed images, the average figure of merit for microcalcifica- tions was 0.80, the average figure of merit for masses was 0.81, and the average figure of merit when both findings were included was 0.72. With use of the method described in Appendix A, for the microcalcification task the 95% confidence interval for ⌬ (the difference in figures of merit between the uncompressed and the objectbased SPIHT 80:1 compressed mammograms) was Ϫ0.039, 0.033. To achieve a statistical power of 80% at a nominal significance level of 5% with the same number of readers and cases as in this study, the ⌬ of the modalities would have to be 0.050 (see Appendix A). Similarly, for the detection of masses, the 95% confidence interval for the ⌬ between the uncompressed and the object-based SPIHT 80:1 compressed mammograms was Ϫ0.055, 0.034. To achieve a statistical power of 80% at a nominal significance level of 5%, the ⌬ of the modalities would have to be 0.062. Finally, for the detection of both findings, the 95% confidence interval for the ⌬ between the uncompressed and the object-based SPIHT 80:1 compressed mammograms was Ϫ0.039, 0.030. To achieve a statistical power of 80% at a nominal significance level of 5%, the ⌬ of the modalities would have to be 0.0483. Note that all of the indicated confidence levels include zero, which is consistent with the results of the F tests quoted earlier-results that revealed no significant differences at the 5% level between the different compression methods (including "no compression") for all tasks.
DISCUSSION
To our knowledge, this work represents the first evaluation of observer performance in the detection of radiographic findings on high-spatial-resolution mammograms compressed with JPEG2000. The results obtained in this study indicate that, within the accuracy of our measurements, compression ratios up to 80:1 did not degrade the detection of clusters of microcalcifications or masses on digitized mammograms compressed with JPEG2000 or the region-based method object-based SPIHT as applied to the breast region within the mammogram. Either the JPEG2000 or the object-based SPIHT method can be used with digital technologies such as picture archiving and communication systems and telemammography to reduce storage and transmission costs and facilitate the growth of digital mammography as a medical imaging modality.
Our jackknife FROC confidence interval values were smaller than published data on the expected confidence intervals of similarly sized ROC studies (see Appendix B). We caution that our findings are based on just one data set (see also below) and that it is important to test them with more ROC and FROC studies performed by using the same images and readers. The apparently inconsistent result (Tables 1-3 ) that the FROC figure of merit was smaller when both radiographic findings were included in the quantification of observer performance than when the two findings were analyzed separately is explained in Appendix C.
Unlike our study, most previous observer studies of image compression have used ROC methods. Smaller confidence intervals allow one to make stronger conclusions about the equivalence of different compression methods. To our knowledge, our study also represents the first clinical application of the jackknife FROC method to the evaluation of mammographic compression methods. Recently, results of another clinical study (34) in which the jackknife FROC method was applied to computer-aided detection in mammography have been reported. As with results of Dorfman-Berbaum-Metz analysis (30), results of jackknife FROC analysis generalize to the cases as well as to the readers. Alternate methods for analyzing location data are the location ROC method (32, 35) and the region-of-interest method (36) . We could not apply either of these methods to our FROC data because the data acquisition paradigms are incompatible.
Some of the images used in this study contained multiple lesions. Clinically, multiple breast lesions are not that common. Another complicating factor was "satisfaction of search," in which detection of a lesion may cause the reader to prematurely terminate the search (37) and miss other lesions. Our data set was enriched with positive findings, compared with the approximately 0.3% incidence of malignancy that is typically seen clinically. There was no "clinical pressure" involved in the evaluation of the data set in that there was no consequence to an incorrect decision, and the time for reading was limited to 20 seconds. Although these limitations are all legitimate concerns, as long as they applied equally to the different compressed modalities we do not expect these factors to affect the conclusion of our study. The analysis used in the study assumed that all images are independent. Because two images were generally obtained per patient, this assumption may not be satisfied by the data and the stated confidence intervals may underestimate the true values. A conservative correction would be to multiply the stated 95% symmetric confidence intervals by ͌2.
Owing to the neglect of false-positive responses on abnormal images and all but the highest-rated false-positive responses on normal images, we did not achieve the maximum statistical power of the FROC paradigm in this study. Further advances in FROC methods that are expected to enable utilization of all the data and achievement of even greater statistical power are being developed. In this study, the task was detection, not discriminating between normal and benign lesions, and it may be argued that the requirements of a true discrimination task would place more stringent requirements on image compression.
APPENDIX A
For calculating the confidence interval, given the assumption that the distribution of ⌬ is normal, the 95% symmetric confidence interval is calculated as 2(1.96)(⌬), where (⌬) is the standard deviation of ⌬ and the factor 2(1.96) is needed to achieve the 95% confidence interval. If the nominal significance value (ie, the type I error probability) of the test is 5%, then, for a two-sided test, the acceptance region for the null hypothesis extends from Ϫ1.96(⌬) to 1.96(⌬). Assume that one is seeking a power of 0.8. Because the area under a unit-normal distribution above the value Ϫ0.842 is 0.8, the upper end of the acceptance region must be 0.842(⌬) units below the mean of the alternative hypothesis distribution. Because the upper end of the acceptance region is also 1.96(⌬) units above the mean of the null hypothesis distribution, the separation of the alternative and null hypothesis distributions must be 2.802(⌬) units. In other words, for a two-sided test at the 5% nominal significance level, the effect size needed for 80% power is 2.802(⌬) units. If a one-sided test is desired, then the effect size for 80% power would be 2.487(⌬) units.
The current version (ie, 1.04) of the jackknife FROC code calculates 95% confidence intervals for all 10 pairings of the five modalities that were tested. Prospective power analysis requires knowledge of the variability of the ratings-specifically, how this variability is distributed between case, reader, and other components, collectively referred to as "variance components" (38) . In principle, the variance components can be calculated from pilot data by using either bootstrapping (37) (38) (39) (40) (41) or analysis of variance techniques (42) . In cases of FROC analysis, one also needs estimates of the intraimage correlation coefficients (29) .
APPENDIX B
In comparing our FROC confidence intervals to those obtained in earlier ROCbased studies, we note that Beiden et al (41) described a hypothetical two-modality study involving 60 normal and 50 abnormal images interpreted by five radiologists. The mean area under the ROC curve was 0.76. For the variance structures describing the reader and the image variability and other terms, they considered values reported by Roe and Metz (43) to be typical of a body of available radiologist ROC data. Using bootstrap analysis, Beiden et al found that, for these ROC-based studies, the expected 95% symmetric confidence interval was Ϯ0.10. For comparison, in the microcalcification detection task, our FROC study involved 58 normal mammograms, 54 abnormal mammograms, and five radiologists. It is seen that, in this particular case, the jackknife FROC method yielded a substantially smaller 95% symmetric confidence interval than that expected for a similar-sized study involving the ROC method.
APPENDIX C
As seen in Tables 1-3 , the FROC figure of merit was smaller when both radiographic findings were included in the quantification of observer performance than when they were analyzed separately. The FROC sampling model (29) provides a natural explanation (perhaps not the only explanation) for this apparently inconsistent finding. Briefly, the definition of implies a "competition" between the ratings of marked lesions, the true-positives, and the ratings of marked nonlesion locations, the falsepositives. The number of false-positives on any image can be denoted by NFP. In this study, there were two types of falsepositives-those that resembled microcalcifications and those that resembled masses; their numbers can be denoted by NFP micro and NFP mass , respectively. From the definition of the figure of merit, micro ϭ Prob(RTP micro Ͼ HRFP micro ), where RTP micro is the rating assigned to the microcalcification true-positive and HRFP micro is the highest of the NFP micro microcalcification false-positive ratings on the image. (An average over all images is implicit in the definition of .) Similarly, mass ϭ Prob(RTP mass Ͼ HRFP mass ), where RTP mass is the rating assigned to the mass true-positive and HRFP mass is the highest of the NFP mass mass falsepositive ratings on the image. Finally, both ϭ Prob(RTP both Ͼ HRFP both ), where RTP both is the rating assigned to the mass or microcalcification true-positive and HRFP both is the highest of the NFP mass ϩ NFP micro mass or microcalcification falsepositive ratings on the image. Because some of the mass false-positive ratings will exceed some of the microcalcification true-positive ratings and some of the microcalcification false-positive ratings will exceed some of the mass true-positive ratings, one expects both Ͻ ( micro or mass ). This explanation assumes that the microcalcification and mass false-positive locations are different and that the NFP mass ϩ NFP micro value is larger than the number of lesions on any image.
